During a surgical procedure, blood covering the surgical field hinders the surgeon's visual inspection. We propose a novel application of hyperspectral imagery in the biomedical field. We conceived a method to exploit the capabilities of hyperspectral imaging systems in order to provide clearer images of areas covered by blood to the surgeon. We developed a neural network approach to generate a nonlinear combination of spectral reflectance bands in the near infrared region revealing images that could not be seeing in unprocessed images. The experimental results are compared with conventional image processing techniques. We present in vitro experiments using human blood and in situ experiments using guinea pigs to attest the validity of the proposed method.
��� Introduction
Visual inspection is the most important guide to the microsurgery. Blood covering the surgical field is the largest obstacle to a proper surgical manipulation. . However, their method has a major limitation of relying on the assumption that the blood layer is extremely thin (less than 100 µm) and homogenous. This can only be satisfied using contact fiber-optic probes to acquire the data, and the validity of their assumption for non-contact spectral imaging modality (like ours) is not determined yet.
We developed a method using an artificial neural network (ANN) approach to provide a nonlinear combination of hyperspectral imagery data in order to produce a better visualization of the blood-covered area. Our method relies on the spectral reflectance in the near infrared region to generate an enhanced visualization of areas obstructed by a blood layer of up to 3mm of thickness.
��� Background ����Hyperspectral Imagery
Imaging spectrometers are able to sample the reflectance spectrum extending from the visible region ����Blood
Spectral Characteristics
The optical absorption properties of tissue in the ultraviolet, visible and near infrared regions are dominated by the absorptions of proteins, DNA, melanin, hemoglobin and water 6) .
In the case of blood, hemoglobin and water are the basic components and main chromophores. While hemoglobin dominates the absorption properties in the visible spectrum, as we go to the near and mid infrared, water becomes the principal responsible for absorption. Fig. 1 shows the optical absorption profile of hemoglobin and water in the spectrum. Note that the precise absorbance value of the blood-water solution at a given wavelength is inherently dependent on the layer thickness and on the hemoglobin concentration.
We considered that the determination of significant wavelengths and the optimum data combination to permit visualization under a layer of blood is a nontrivial problem that may require a nonlinear solution.
��� Methodology ����Image Processing Procedure and the hyperspectral line sensor.
In order to remove the spectral non-uniformity of the illumination device and influence of the dark current, we have normalized the radiance data to yield the radiance of the specimen. For this pre-processing, two auxiliary data were acquired during the experiments: the radiance of a standard reference white board placed in the scene, and the dark current measured by keeping the camera shutter closed. The raw data was then corrected to reflectance using the following equation: We initially developed an image processing method using a single-layer perceptron (SLP) 11) . Each pixel value of the output image, can be expressed as �� ��
where n is the number of nodes;
is the output activation of unit n; and n a � is the interval size given
To obtain a two-level (black or white) representation of the image, we defined the number of nodes in the discrete thermometer scheme n = 1 to produce a binary output. For this case, only one neuron in the output layer is sufficient.
To generate a grey-scale representation, we defined the number of nodes as n = 128, thus producing 128 halftone levels. This encoding requires 128 nodes in the output layer to be represented.
Both ANN architectures need 150 input nodes, which is the number of effective spectral channels of the hyperspectral sensor utilized. The number of nodes in the hidden layer of the MLP was determined experimentally as 10.
The hyperspectral data is processed by the ANNs as follows. First, we manually select the image region to be used for training (input and target) and testing.
Tutorial images without blood are used as target, and the same scene covered by blood are the inputs.
Second, the reflectance value is normalized and converted to fall in the range [-1, 1] . Thirdly, the target data is coded using the discrete thermometer scheme. Fourthly, the ANN is trained until the mean squared error falls to zero or the maximum epoch is
reached. Finally, the output generated by the ANN is decoded from the discrete thermometer scheme to a desired image format, e.g., binary or 8 bits grey-scale.
��� Experiments
We utilized a hyperspectral imaging spectrograph 
����In vitro Experiment using Human Blood
For our preliminary experiments, we analyzed the spectral data of a solution of hepaline-added human blood (70%) and saline water (30%), with approximately 3 mm of thickness, poured in an uncovered Petri dish 10) . As background scene, we utilized a calendar print with black characters, as shown in ����In situ Experiment using Guinea Pig
The following experiments were performed using a guinea pig and its blood. The blood was diluted in saline water with nearly 50% of proportion. A specific acrylic box was designed in order to guarantee a uniform thickness of the blood layer. The box has 0.3mm thick top and bottom lids, which provides a transparency of approximately 95%, and walls with uniform height of 3 mm. We present the results of the experiment using the guinea pig abdomen as background; the experimental setup is shown in Fig. 6 . The training set consisted of the image area in the lower part of the abdominal area without blood, highlighted by the rectangle in Fig. 7(a) . As in the in vitro case, a comparison with a conventional image processing technique is presented in Fig. 7(b) . Finally, the output of the neural network is presented in Fig. 7(c) .
����ANN Learning Analysis
To follow the effective learning of the ANN, we The hyperspectral line sensor that we have been using may represent a shortcoming for our method.
Since it is necessary to line-scan the image, its practical use is limited. A visual aid tool to be used during surgical procedures demands a faster imaging method.
To circumvent the problem, one possible approach is to limit the number of spectral-channel inputs in the ANN in order to allow the acquisition of multi-spectral bands in two spatial dimensions (im-
The usefulness the SLP is that the connecting weights can be interpreted as the significance of the spectral components of the input. Moreover, by approximating the weight series with an optical filter bank, we were able to design a multi-spectral camera for real-time 2-D image acquisition, without requiring the scanning mechanism 13) .
��� Conclusion
The main contribution of this paper is to propose a novel biomedical application for hyperspectral im- 
